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For many firms, implementing business analytics in supply chain management has become a key element 
of strategic success. Drawing on organizational information processing theory, this paper uses a sample of 
114 survey respondents to investigate the role supply chain analytics play in operational supply chain 
transparency under turbulent supply environment. Three areas of analytics are involved: supply chain 
analytics in plan, source, and make. We find that supply chain analytics capability in all the three areas 
positively affects operational supply chain transparency. In addition, supply uncertainty positively 
moderates the relationship between supply chain analytics in make and transparency. This paper 
contributes to the supply chain transparency literature and provides managers with insights on the 
importance of supply chain analytics in building transparent supply chains, especially the role of supply 
chain analytics in make in turbulent supply environment. 
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Introduction 
Today’s increasing supply chain risks require firms to be able to monitor, visualize, and track their 
upstream and downstream supply chain operations so that they can make better decisions on supply 
chain practices (i.e. demand forecast, supplier selection, production scheduling, routing choices) (Carter 
and Easton 2011). This request gives rise to the notion of operational supply chain transparency which is 
defined as “proactively engaging in communication with stakeholders and having traceability into 
upstream and downstream supply chain operations” (Morgan et al. working paper).  
The achievement of transparent supply chains relies heavily on information about products as they move 
through the chain. Moreover, such information need to be in a form that is usable to supply chain 
partners for decision-making (Spekman et al. 1998). However, today’s corporate world faces high-volume, 
high-variety, and high-velocity of both structured and unstructured data, or big data, generated from 
supply chain operations (Brown et al. 2011). The required processing capability of these data exceed the 
processing capability of traditional data management approaches used for decision-making (Chen and 
Zhang 2014), which creates a barrier to operational supply chain transparency among partner firms. In 
response to this challenge, supply chain analytics (SCA) has been proposed as a promising approach to 
improve the capability of information processing, which enables the enhanced visibility of operations for 
better decision-making (McAfee et al. 2012). SCA refers to a group of approaches, organizational 
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procedures and tools used in combination with one another to collect information, analyze information, 
and gain insights to solve problems and improve performance in supply chain management (Trkman et al. 
2010).  
Research on SCA is still in its infancy. Scholars have emphasized that more research is needed to better 
understand the value creation of SCA in supply chain management. One of the aspects related to value 
creation via SCA that deserve more academic attention is the transparency of supply chain operations 
(Brown et al. 2011; Richey et al. 2016; Wamba et al. 2015). Extant research on the relationship between 
SCA and supply chain transparency is conducted with qualitative explorations (Richey et al. 2016; Wamba 
et al. 2015). No empirical study, however, has been conducted to assess the impact of SCA on the 
transparency of supply chain operations. To bridge this gap, we conduct an empirical study with the aims 
to advance the understating of SCA’s influence on operational supply chain transparency. Furthermore, 
previous research suggest that context factors can influence the effect of SCA on its value creation in 
supply chain management (Chen et al. 2015). Therefore, our study also includes a context factor (supply 
uncertainty) and addresses the following research questions:  
RQ1: How does supply chain analytics influence operational supply chain transparency? 
RQ2: How does supply uncertainty affect the relationship between supply chain analytics and 
operational supply chain transparency? 
To obtain a comprehensive understanding of the role SCA plays in affecting operational supply chain 
transparency, we conceptualized SCA in terms of its use in different supply chain processes based on the 
Supply Chain Operations Reference (SCOR) model. The theoretical lens through which we developed the 
research model is organizational information processing theory (OIPT) (Galbraith 1977; Tushman & 
Nadler 1978). We expect that the use of SCA in different function areas (e.g., SCA in plan, source, and 
make) enables greater information process capability, which in turn facilitates the provision of useful 
insights that supply chain participants need for better decision-making. It follows the formation of 
transparent supply chains where large amounts of valuable information regarding product movement are 
disseminated. Furthermore, the improved information processing capability is likely to be especially 
valuable when the uncertainty embedded in the supply market increases.  
The remaining of the paper will proceed as follows. We start with a discussion of theoretical backgrounds 
and the resulting hypotheses of this research. Next, we describe the construct measurements and the data 
collection process, followed by data analysis and results. We then conclude the study with theoretical and 
practical implications, limitations, and future research.  
Backgrounds and Hypotheses Development  
Operational Supply Chain Transparency  
Operational supply chain transparency lies in the traceability of products as they move through the supply 
chain. It refers to the extent to which supply chain partners can track the current and historical activities 
of products throughout the entire chain (Morgan et al. working paper). The traceability of product 
activities provides specifics including “batch sizes, run quantity, transfer quantity, buffer stock sizes, 
throughput time, available machines, number of operators and engineers, resource utilization, transport 
time, level of work in progress and so on” (Cheng and Simmons 1994, pp.11). Transparent supply chains 
can lower the complexity of supply chain processes by ensuring the visibility of upstream and downstream 
supply chain operations (Gunasekaran et al. 2015).  
Organizational Information Processing Theory 
This research is grounded in the organizational information processing theory in which organizations are 
characterized as open social systems possessing both requirements and capabilities to process 
information and mitigate business-related uncertainty (Galbraith 1977; Tushman & Nadler 1978). OIPT 
consists of three components: information processing capabilities (IPC), information processing 
requirements (IPR), and the fit between IPR and IPC (Tushman & Nadler 1978). Drawing upon OIPT, we 
present the research model composed of six testable hypotheses (Figure 1). 
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Figure 1. Research Model 
Information Processing Capabilities  
IPC refers to an organization’s ability to gather, interpret, synthesize, and distribute information 
(Tushman and Nadler 1978). In this study, we conceptualize the use of SCA in supply chain management 
as a vital information processing capability which organizations can count on to transform information 
into a form that can benefit business partners across a supply chain. To have a comprehensive 
understanding of the role of SCA in supply chain management, we adopted Turkman et al. (2010)’s work 
that selected SCOR model as a framework to structure SCA based on its use in main supply chain 
processes. As such, SCA includes four aspects–analytics capability in plan, source, make, and deliver.  
Analytics capability in plan focuses on demand planning that aims to analyzing data to forecast market 
demands of products and services (Trkman et al. 2010) and supply planning that focuses on developing 
supply plans to match market demands with resources in a profitable way (Chae and Olson 2013). The 
analytics capability in source lies in “improving inbound supply chain consolidation and optimization” 
(Stefanovic and Stefanovic 2009). Analytics capability in make can provide useful insights to production-
related issues such as production scheduling, order sequence adjustment, machine failures, and any 
anomalies occurred in the production process (Turban et al. 2011). We do not include SCA in deliver in 
the research model because many companies choose to fully or partly outsource the “deliver” process to 
logistics service providers (Chu and Wang 2012; Huo et al. 2016), and thereby the impact of SCA in this 
area may be limited (Trkman et al. 2010). Now, we discuss the influence of SCA on operational supply 
chain transparency from the aforementioned three dimensions below.  
Through the analysis of large amounts of historical and current sales and customer data, organizations are 
able to sense market signals (e.g. customer purchase patterns), translate them into demand signals, and 
utilize demand signals to shape future demand, which allows companies to improve their demand forecast 
accuracy, and reduce demand variability (Chase 2013). The accurate predictions of product demand 
provide visibility of the supply chain planning operations from customers back to suppliers, so that the 
company’s upstream suppliers can use this information to generate more accurate production and 
procurement plans. Therefore, we propose that: 
H1: Analytics capability in plan process is positively related to operational supply chain transparency. 
SCA allows companies to assess supplier performance from both quantitative and qualitative perspectives, 
thus presenting a comprehensive view of what suppliers actually delivered now, in the past, and what they 
may deliver in the future (Wang et al. 2016). For example, predictive analytics can integrate supplier 
performance data with other critical information (e.g. current and emerging market trends) to provide 
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insights on supplier responsiveness to customer needs and the potential for continuous improvements in 
the future (Agarwal et al. 2014). The past and current performance of suppliers, in combination with 
future performance, form a holistic picture of each supplier, thus improving focal companies’ decision 
making on supplier selection. This leads us to hypothesize that: 
H2: Analytics capability in source is positively related to operational supply chain transparency. 
Supply chain managers use analytics to dive deeply into historical machinery and process data which 
usually comes from manufacturing execution systems, identifying anomalies in production processes, 
predicting machinery failures, and discovering hidden relationships and potential problems (Auschitzky 
et al. 2014). For example, prescriptive analytical techniques such as association rule mining can help 
identify potential reasons for machine failures and estimate the effects of such failures on product quality 
and production efficiency. Through the disclosure of the problems (e.g. process anomalies, machine 
failures) in making, organizations are able to obtain the right information to determine an objective 
estimation of their manufacturing capabilities and readiness of each product, thereby adding 
transparency into production process. We propose that 
H3. Analytics capability in make is positively related to operation supply chain transparency. 
Information Processing Requirements  
Information processing requirements (IPR) is defined as the gap between information needed and 
information available to a firm for decision making (Premkumar et al. 2005; Tushman and Nadler 1978). 
This gap creates uncertainty which is the source of IPR. One example of uncertainty in the context of 
supply chain management is the supply uncertainty that refers to the extent of unpredictability and 
uncontrollability of suppliers’ product quality and delivery performance (Davis 1993; Li and Lin 2006). 
Within supply chains, supply uncertainty can raise the complexity of decision making and subsequently 
increase organizations’ need for new and additional information (Cegielski et al. 2012; Premkumar et al. 
2005). Hence, from OIPT point of view, supply uncertainty can be seen as a source of IPR that stimulates 
organizations to acquire new knowledge to support decision making along the chains. 
The “Fit” between Information Processing Requirements and Capabilities  
OIPT emphasizes the importance of the “fit” between information processing requirements and 
information processing capabilities: the greater the uncertainty is, the greater the amount of information 
must be processed among decision makers to achieve a given level of outcomes (Galbraith 1977). When 
organizations employ certain organizational practices to achieve their performance, work-related 
uncertainties may weaken the effectiveness of such practices. This is due to the lack of fit between the 
organizational practices and contextual conditions–the information processing requirements exceed 
information processing capabilities. Under this condition, organizations need to raise their information 
processing capabilities with an aim to obtain more information for better outcomes.  
In the context of supply chain management, a rapidly changing supply market creates a need to scan the 
supply market, collect information, and transform the information into useful insights that can mitigate 
the unpredictability and unreliability of the supply market (Wong et al. 2011). According to OIPT, the 
information processing capability of organizations should be improved to fit the increasing information 
processing requirements in order to achieve the expected outcome. When companies are operating in an 
uncertain supply environment, the application of SCA brings companies the information processing 
power to continuously monitor the conditions in the supply market via automated processes and to track 
suppliers with a more holistic, 360-degree view (PwC 2016). This enables firms to infuse insights derived 
from the suppliers with operations of plan, source and make processes, generating a more comprehensive 
and holistic view of how to plan supply chain operations as well as where and when to buy and make 
products through the supply chain network.  
In contrast, when supply uncertainty decreases, suppliers can provide reliable quality, quantity, and 
delivery performance. There is no need for SCA to scan, analyze, and foresee the unknowns related to the 
supply market and suppliers’ activities, as well as to incorporate them into executions in plan, source, and 
make. Therefore, SCA produces less value for responsive organizations in a stable supply environment 
than in an uncertain supply environment. Accordingly, we propose: 
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H4a: The greater the level of supply uncertainty, the stronger the relationship between analytics 
capability in plan and operational supply chain transparency. 
H4b: The greater the level of supply uncertainty, the stronger the relationship between analytics 
capability in source and operational supply chain transparency. 
H4c: The greater the level of supply uncertainty, the stronger the relationship between analytics 
capability in make and operational supply chain transparency. 
Research Methodology  
Measurement Items  
Five constructs were measured in this study: analytics capability in plan, analytics capability in source, 
analytics capability in make, supply uncertainty, and operational supply chain transparency. The items 
measuring each construct were adapted from validated measurements in previous studies. Analytics 
capability in plan, analytics capability in source, and analytics capability in make constructs were 
measured respectively by 11-item, 4-item, and 7-item scale developed by Trkman et al. (2010), with minor 
modifications. These three constructs were operationalized as formative constructs because respondents 
were expected to report what practices companies should have in place to have analytics capabilities in 
plan, source, and make processes. The items of these three constructs were assessed with a 5-point Likert 
scale measuring the frequency of practices consisting of: 1–never, or does not exit; 2–sometimes; 3–
frequently; 4–mostly; and 5–always, or definitely exists. Supply uncertainty measurements were adopted 
from Chen and Paulraj (2004) to evaluate the degree to which suppliers’ deliveries meet the 
organization’s requirements. Eight items developed by Morgan, Richey, and Ellinger (working paper) 
were used to measure operational supply chain transparency. The items of supply uncertainty and 
operational supply chain transparency were assessed with seven-point Likert scales, with 1 representing 
“strongly disagree” and 7 representing “strongly agree”. A complete list of measurements is displayed in 
Appendix A1. 
Data collection  
Empirical data was collected via a field survey. We selected 208 adults who had supply chain background 
as our sample. The sampling was conducted within the U.S. and contained U.S. citizens only. An 
invitation e-mail with the survey link was sent to each individual in fall 2016. Among the selected contacts, 
143 individuals responded to our survey with 114 usable observations after excluding straight-line 
responses and responses with unusually short durations. The effective response rate from the data 
collection was 54.81 percent.  
Data Analysis and Results  
Partial least squares (PLS) approach is employed to analyze the data. We used PLS rather than Amos or 
other covariance-based methods, because it is able to handle both reflective and formative constructs in 
the analysis and it allows us to analyze moderating effects effectively (Chin et al. 2003). The software used 
for analysis is SmartPLS, version 3.0.  
Measurement Model Assessment  
We initially analyzed the measurement properties of the reflective constructs–supply uncertainty and 
operational supply chain transparency. The constructs of reliability were examined using Cronbach’s 
alpha and composite reliability (CR). As summarized in Table 1, Cronbach’s alphas for reflective 
constructs, specifically, supply uncertainty and operational supply chain transparency, all exceed the 
prescribed thresholds 0.7 (Cronbach and Thorndike 1971). Composite reliability for reflective constructs 
are all greater than 0.8 (Chin 1998). These statistics indicate adequate reliability of the measurement 
scales. We then assessed convergent validity by using factor loadings and average variance extracted 
(AVE). All indicators of reflective constructs have statistically significant (p<0.05) factor loadings from 
0.63 to 0.90, which reflect convergent validity of theoretical constructs (Anderson and Gerbing 1988). 
Furthermore, the AVE of each reflective construct is greater than the recommended minimum value 0.5 
(Fornell and Larcker 1981), which also suggest strong convergent validity. Last, the square root of AVE of 
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all the reflective constructs is greater than the correlation between any pair of them, indicating no 
discriminant validity issues among reflective constructs (Fornell and Larcker 1981). 
Formative constructs–analytics capability in plan, source, and make–need to be assessed in a different 
manner from that for reflective constructs (Diamantopoulos and Winklhofer 2001; Petter et al. 2007). 
Specifically, factor loadings, Cronbach’s alphas, CR, and AVE are not an appropriate criterion, because 
formative indicators are not reflections of the latent construct and are not necessarily correlated. Instead, 
multicollinearity among formative items is an issue and need to checked by computing variance inflation 
factor (VIF) because the formative model is based on multiple regression (Diamantopoulos and 
Winklhofer 2001). The results of multicollinearity diagnostics showed that all VIF were well below the 
maximum acceptable cut-off value 10.0, demonstrating that multicollinearity is not an issue (Petter et al. 
2007).  
Structural Model Assessment 
The PLS analysis suggests that analytics capability in plan has a significant positive effect on operational 
supply chain transparency (β=0.258, p<0.01), supporting H1. Analytics capability in source also positively 
influences operational supply chain transparency (β=0.244, p<0.05), which provides support for H2. 
Analytics capability in make is positively associated with operational supply chain transparency (β=0.278, 
p<0.001), which lends support for H3. In testing the moderating effects, supply uncertainty positively 
moderates the relationship between analytics capability in make and operational supply chain 
transparency (β=0.254, p<0.05), supporting H4c. However, our analysis finds no support for H4a and 
H4b, the moderating effect of supply uncertainty on the relationships between analytics capability in 
plan/source and operational supply chain transparency. Findings for H1, H2, H3, and H4c explain 55.7% 
of the variance of operational supply transparency.  
 
 Cronbach’s α CR AVE VIF ACP ACS ACM SU OPSCT 
ACP Formative Formative Formative 2.144 N/A     
ACS Formative Formative Formative 1.683 0.56 N/A    
ACM Formative Formative Formative 2.182 0.672 0.568 N/A   
SU 0.749 0.889 0.8 1.25 0.301 0.325 0.364 0.894  
OPSCT 0.873 0.901 0.535  0.612 0.569 0.649 0.366 0.731 
Note: Bolded numbers are square roots of AVEs; ACP–Analytics Capability in Plan, ACS–Analytics 
Capability in Source, ACM–Analytics Capability in Make, SU–Supply Uncertainty, OPSCT–Operational 
Supply Chain Transparency 
Table 1. Construct Reliability and Validity 
Discussion 
The results of analytics capability–transparency relationships (H1-H3) support our expectations: the use 
of supply chain analytics in key process areas can improve operational supply chain transparency. More 
importantly, the use of SCA in different supply chain areas contributes differently to operational supply 
chain transparency. Our results indicate that investment in SCA in the make process can bring the most 
significant improvement in operational supply chain transparency, followed by investment of SCA in plan 
and in source. One possible explanation is that companies may not be able to make simultaneous efforts 
in each of the SCOR areas (plan, source, and make) since investment in SCA to gather and process large 
amount of data can be difficult and time consuming (Davenport 2009).  
The results provide partial support for the moderating effects of supply uncertainty. The results show that 
supply uncertainty exerts a positive effect on the relationship between analytics capability in make and 
operational supply chain transparency, but has no significant moderating effects on the relationship 
between analytics capability in the other areas (source and plan) and operational supply chain 
transparency. One possible explanation is that the harm resulting from supply uncertainty first takes 
place in a focal firm’s production process, which makes it difficult for production to correspond with on-
time delivery to the market.  
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Implications  
Theoretical and Practical Implications 
Our research provides important theoretical contributions. First, this research contributes to the supply 
chain transparency literature. Previous studies implied that one of the major contributions supply chain 
analytics can make to businesses is to create transparency (Brown et al. 2011; Richey et al. 2016; Wamba 
et al. 2015). To our best knowledge, this paper is the first empirical study to develop and test a novel 
theoretical model to demonstrate the relationship between SCA and transparency as well as the 
moderating effects of context factor (supply uncertainty) on SCA-transparency relationships. Second, our 
research focuses on SCA use as an information processing capability, and demonstrates its positive 
influence on operational supply chain transparency, thus confirming the potential benefit of SCA for 
organizational value creation in supply chain management. We also provide more insights into the nature 
of relationship between SCA and operation supply chain transparency as dictated by information 
processing requirements–supply uncertainty. These findings are consistent with existing literature that 
information processing capability is critical for organizational management, especially within the domain 
of supply chain management (Premkumar et al. 2005; Trautmann et al. 2009).  
This study also provides implications for managerial practices. First, this study can provide guidance on 
the investment sequence of SCA in different areas. Investment in supply chain analytics is difficult and 
time consuming. Organizations are likely unable to put simultaneous efforts on SCA in the four SCOR 
areas (Trkman et al. 2010). Our results show a preliminary indication that SCA investment in make 
process may bring the most improvement in OPSCT. Therefore, companies aiming to improve OPSCT can 
first focus their limited resources on enhancing analytics capabilities in the make area rather than put 
equal efforts in each of the four SCOR areas. Furthermore, our findings also provide insights for managers 
on how to evaluate the potential impacts of context factors (i.e. supply uncertainty) on operational supply 
chain transparency. We find that SCA use positively influences operational supply chain transparency, but 
only the influence of SCA in the make process is amplified in an uncertain supply environment. As such, 
organizations may want to focus on SCA investment in the make process when supply uncertainty is high 
as the transparency outcome is more sensitive to SCA input in make in an uncertain supply environment. 
Limitations and Future Research 
The survey respondents for this study do not have very long work experience in the supply chain domain. 
Although we affirmed that the respondents have sufficient knowledge background in supply chain and 
analytics, we cannot generalize the findings from this sample to those who have more experience in 
supply chain area. For future study, we have already started our data collection from supply managers or 
above to get a generalized sample. In addition, this is a pilot test of the research model and we did not 
include control variables at this stage. The future study mentioned above has included firm size, industry 
sector, annual revenue, country, and IT department size as control variables. Last, although we justified 
the reasons for not including “Deliver” portion of the SCOR model, the future study has included 
“Analytics Capability in Deliver” to contrast its effects with effects resulted from other processes. 
Conclusion 
Drawing on organizational information processing theory, this study aims to understand the influence of 
SCA use in three supply chain domains on operational supply chain transparency. It also examines the 
moderating effects of supply uncertainty on the relationship between SCA and operational supply chain 
transparency. 114 surveys were collected and PLS approach was used to test the research model. Our 
findings suggested that SCA plays a salient role in improving operational supply chain transparency, with 
analytics capability in plan, source, and make all significantly contributing to operational supply chain 
transparency. Furthermore, supply uncertainty positively strengthens the relationship between analytics 
capability in make and operational supply chain transparency. However, it does not show any moderating 
effect on the relationships between analytics capability in plan/source and operational supply chain 
transparency. 
 
                                                                                                                 The Value Creation of Supply Chain Analytics 
 
Twenty-third Americas Conference on Information Systems, Boston, 2017   8 
 
REFERENCES 
Agarwal, P., Sahai, M., Mishra, V., Bag, M., & Singh, V. 2014. “Supplier Selection in Dynamic 
Environment using Analytic Hierarchy Process,” International Journal of Information Engineering 
and Electronic Business, (6:4), pp. 20-26. 
Anderson, J.C., Gerbing, D.W., 1988. “Structural Equation Modeling in Practices: a Review and 
Recommended Two-step Approach,” Psychology Bulletin 103, 411-423. 
Auschitzky, E., Hammer, M., & Rajagopaul, A. 2014. "How Big Data Can Improve 
Manufacturing," McKinsey & Company. 
Brown, B., Chui, M., & Manyika, J. 2011. "Are You Ready for the Era of ‘Big Data’," McKinsey 
Quarterly, (4:1), pp. 24-35. 
Carter, C. R., & Liane Easton, P. 2011. "Sustainable Supply Chain Management: Evolution and Future 
Directions. International journal of physical distribution & logistics management, (41:1), pp. 46-62. 
Cegielski, C. G., Allison Jones-Farmer, L., Wu, Y., & Hazen, B. T. 2012. "Adoption of Cloud Computing 
Technologies in Supply Chains: An Organizational Information Processing Theory Approach," The 
international journal of logistics Management, (23:2), pp. 184-211.  
Chae, B., Olson, D., & Sheu, C. 2014. "The Impact of Supply Chain Analytics on Operational Performance: 
a Resource-based View," International Journal of Production Research, (52:16), pp. 4695-4710.  
Chae, B., & Olson, D. L. 2013. Business Analytics for Supply Chain: A Dynamic-capabilities Framework," 
International Journal of Information Technology & Decision Making, (12:1), pp. 9-26.  
Chase Jr, C. W. 2013. "Using Big Data to Enhance Demand-Driven Forecasting and Planning," The 
Journal of Business Forecasting, (32:2), pp. 27. 
Chen, I. J., & Paulraj, A. 2004. "Towards a Theory of Supply Chain Management: the Constructs and 
Measurements," Journal of operations management, (22:2), pp. 119-150.  
Chen, D. Q., Preston, D. S., & Swink, M. 2015. "How the Use of Big Data Analytics Affects Value Creation 
in Supply Chain Management," Journal of Management Information Systems, 32(4), pp. 4-39. 
Chen, C. P., & Zhang, C. Y. 2014. "Data-intensive Applications, Challenges, Techniques and Technologies: 
A Survey on Big Data," Information Sciences, 275, pp. 314-347. 
Cheng, M. J., and Simmons, J. E. L. 1994. "Traceability in Manufacturing Systems," International 
Journal of Operations & Production Management, (14:10), pp. 4-16. 
Chin, W. 1998. "Commentary: Issues and Opinion on Structural Equation Modeling," MIS   
Quarterly, (22:1), pp. Vii-Xvi.  
Chin, W. W., Marcolin, B. L., & Newsted, P. R. 2003. "A Partial Least Squares Latent Variable Modeling 
Approach for Measuring Interaction Effects: Results from a Monte Carlo Simulation Study and an 
Electronic-mail Emotion/Adoption Study," Information systems research, (14:2), pp. 189-217. 
Chu, Z., & Wang, Q. 2012. "Drivers of Relationship Quality in Logistics Outsourcing in China," Journal of 
Supply Chain Management, (48:3), pp. 78-96. 
Cronbach, L. J., & Thorndike, R. L. 1971. "Educational Measurement," Test validation, pp. 443-507. 
Council, S. C. 2010. Supply Chain Operations Reference (SCOR) Model Version 10.0, The Supply Chain 
Council, Inc. 
Davenport, T. H. 2009. "Make Better Decisions," Harvard Business Review, (87:11), pp. 117-123.  
Davis, T. 1993. "Effective Supply Chain Management," Sloan Management Review, 34, pp. 35-46.  
Diamantopoulos, A., & Winklhofer, H. M. 2001. "Index Construction with Formative Indicators: An 
Alternative to Scale Development," Journal of marketing research, (38:2), pp. 269-277. 
Fornell, C., & Larcker, D. F. 1981. "Evaluating Structural Equation Models with Unobservable Variables 
and Measurement Error," Journal of Marketing Research, (18:1), pp. 39-50. 
Galbraith, J.R. 1973. Designing Complex Organizations. Reading, MA: Addison-Wesley. 
Galbraith, J. R. 1977. Organization Design. Reading, MA: Addison-Wesley. 
Gunasekaran, A., Subramanian, N., & Rahman, S. 2015. "Supply Chain Resilience: Role of Complexities 
and Strategies," International Journal of Production Research, (53:22), pp. 6809-6819. 
Huo, B., Fu, D., Zhao, X., & Zhu, J. 2016. "Curbing Opportunism in Logistics Outsourcing Relationships: 
The Role of Relational Norms and Contract," International Journal of Production Economics, 182, pp. 
293-303. 
                                                                                                                 The Value Creation of Supply Chain Analytics 
 
Twenty-third Americas Conference on Information Systems, Boston, 2017   9 
 
Li, S., and Lin, B. 2006. "Accessing Information Sharing and Information Quality in Supply Chain 
Management," Decision Support Systems, (42:3), pp. 1641-1656.  
McAfee, A., Brynjolfsson, E., Davenport, T. H., Patil, D. J., and Barton, D. 2012. "Big Data:The 
management revolution," Harvard Business Review, (90:10), pp. 61-67. 
Morgan, T.R., Richey, Jr., R.G. and Ellinger, A.E. (working paper), "Supply Chain Transparency: Scale 
Development and Future Research", Decision Sciences. 
Petter, S., Straub, D., and Rai, A. 2007. "Specifying Formative Constructs in Information Systems 
Research," MIS Quarterly, (31:4), pp. 623-656. 
Premkumar, G., Ramamurthy, K., & Saunders, C. S. 2005. "Information Processing View of Organizations: 
An Exploratory Examination of Fit in the Context of Interorganizational Relationships," Journal of 
Management Information Systems, (22:1), pp. 257-294.  
PwC. 2016. "Needle in the Haystack: Monitoring Vender Networks through Supply Chain Risk Analytics," 
Retrieved from https://www.pwc.com/us/en/risk-assurance/publications/supply-chain-risk-
analytics.pdf. 
Richey Jr, R. G., Morgan, T. R., Morgan, T. R., Lindsey-Hall, K., Lindsey-Hall, K., and Adams, F. G. 2016. 
"A Global Exploration of Big Data in the Supply Chain. International Journal of Physical Distribution 
& Logistics Management, (46:8), pp. 710-739. 
Souza, G. C. 2014. "Supply Chain Analytics," Business Horizons, (57:5), pp. 595-605.  
Spekman, R. E., Kamauff Jr, J. W., and Myhr, N. 1998. "An Empirical Investigation into Supply Chain 
Management: A Perspective on Partnerships," Supply Chain Management: An International 
Journal, (3:2), pp. 53-67. 
Stefanovic, N., and Stefanovic, D. (2009). Supply chain business intelligence: technologies, issues and 
trends. In Artificial Intelligence An International Perspective (pp. 217-245). Springer Berlin 
Heidelberg. 
Trautmann, G., Turkulainen, V., Hartmann, E., and Bals, L. 2009. "Integration in the Global Sourcing 
Organization—An Information Processing Perspective," Journal of Supply Chain 
Management, (45:2), pp. 57-74. 
Trkman, P., McCormack, K., De Oliveira, M. P. V., & Ladeira, M. B. 2010. "The Impact of Business 
Analytics on Supply Chain Performance," Decision Support Systems, (49:3), pp. 318-327.  
Turban, E., Sharda, R., Aronson, J. E., & King, D. 2011. Business intelligence: A managerial approach. 
Upper Saddle River, NJ: Pearson Prentice Hall. 
Tushman, M. L., & Nadler, D. A. 1978. Information Processing as an Integrating Concept in 
Organizational Design. Academy of management review, (3:3), pp. 613-624.  
Wamba, S. F., Akter, S., Edwards, A., Chopin, G., & Gnanzou, D. 2015. "How ‘Big Data’ Can Make Big 
Impact: Findings from a Systematic Review and a Longitudinal Case Study," International Journal of 
Production Economics, 165, pp. 234-246. 
Wang, G., Gunasekaran, A., Ngai, E. W., and Papadopoulos, T. 2016. "Big Data Analytics in Logistics and 
Supply Chain Management: Certain Investigations for Research and Applications," International 
Journal of Production Economics, 176, pp. 98-110. 
Wong, C. Y., Boon-Itt, S., and Wong, C. W. 2011. "The Contingency Effects of Environmental Uncertainty 
on the Relationship between Supply Chain Integration and Operational Performance," Journal of 
Operations management, (29:6), pp. 604-615. 
Appendix A1. Construct Measurements 
Code Construct and Items 
ACP Analytics Capability in Plan (adapted from Trkman et al. 2010) 
ACP1 Has your organization established supply chain performance measures (e.g. product 
quality, order-to-delivery lead time, supply chain response time, resource utilization, 
etc.)? 
ACP2 Does your organization look the impact of its strategies on supply chain performance 
(e.g. order-to-delivery lead time, supply chain response time, resource utilization, 
etc.)? 
ACP3 Does your organization use adequate analysis tools to examine the impact before a 
decision is made? 
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ACP4 Does your organization look at customer profitability? 
ACP5 Does your organization look at product profitability? 
ACP6 Does your organization analyze the variability of demand for your products or 
services? 
ACP7 Do you use mathematical methods (statistics such as time series analysis) for 
forecasting demand? 
ACP8 Is a forecast developed for each product or service in your organization? 
ACP9 Is a forecast developed for each customer in your organization? 
ACP10 Does your demand management process make use of customer information? 
ACP11 Is the demand forecast accuracy measured in your organization? 
ACS Analytics Capability in Source (adapted from Trkman et al. 2010) 
ACS1 Are the supplier inter-relationships (variability, metrics) understood and 
documented? 
ACS2 Do you "collaborate" with your suppliers to develop a plan? 
ACS3 Do you measure and feedback supplier performance? 
ACS4 Do you share planning and scheduling information with suppliers? 
ACM Analytics Capability in Make (adapted from Trkman et al. 2010) 
ACM1 Are your planning processes integrated and coordinated across divisions? 
ACM2 Does your organization update supplier lead times monthly? 
ACM3 Does your organization use constraint-based planning methodologies? 
ACM4 Does your organization measure the degree of production planning adherence? 
ACM5 Do the sales, manufacturing and distribution organizations collaborate in the 
planning and scheduling process? 
ACM6 Is your customers' planning and scheduling information included in yours? 
ACM7 Are plans developed at the "item" level of detail? 
SU Supply Uncertainty (adopted from Chen and Paulraj 2004) 
SU1 Our suppliers consistently meet our requirements. 
SU2 Our suppliers produce materials with consistent quality. 
OPSCT Operational Supply Chain Transparency (adopted from Morgan et al. 
working paper) 
OPSCT1 Our suppliers provide us with operational plans (e.g. distribution plan, production 
plan) regarding the products they produce for us. 
OPSCT2 Our major suppliers provide us with detailed product design information. 
OPSCT3 Our major suppliers collect operations information (for example: batch size, run 
quality, transfer quality, buffer stock, available machines, machine breakdown time). 
OPSCT4 Our major suppliers share their operations information with us. 
OPSCT5 Our major suppliers collect planning and design information ( for example: current 
performances of operations level, resource utilization, rework and scrap level, level of 
work progress). 
OPSCT6 Our major suppliers share their planning and design information with us. 
OPSCT7 Our major suppliers collect strategic information (for example: current performances 
of planning and design level, new order, product demand, internal and external 
expertise, teachability, culture, government regulations). 
OPSCT8 Our major suppliers share their strategic information with us. 
 
